Evolutionary genomics has benefited from methods that allow identifying evolutionarily important genomic regions on a genome-wide scale, including genome scans and QTL mapping.
INTRODUCTION
According to the theory of adaptive radiation, colonisation of new environments may promote rapid population divergence as a by-product of local adaptation to differential selective regimes (Schluter 2000) . Elucidating the genetic changes underlying phenotypic evolution resulting from this process is a central objective of evolutionary biology. Reaching this goal has recently greatly benefited from the development of various experimental strategies, including genome scans, QTL analysis and gene expression QTL (eQTL) mapping (Vasemagi and Primmer 2005) . Genomewide scanning for gene transcription differences between species or populations using microarrays is increasingly being performed on a wide range of organisms (e.g. Jin et al. 2001; Brem et al. 2002; Oleksiak et al. 2002; Townsend et al. 2003; Bochdanovits et al. 2003; Giger et al. 2006; Derome et al. 2006; Roberge et al. 2006) . However, the identification of genes showing significant differences in transcription levels between groups does not in itself suffice to conclude that such changes were driven by divergent selection, even when environmental conditions were controlled. Thus, the role of selection in shaping patterns of gene transcription is still contentious.
For instance, Khaitovich et al. (2005) suggested that most inter-specific differences in transcript levels evolve neutrally, whereas others argued that strong stabilizing selection dominates the evolution of transcriptional change (Rifkin et al. 2005; Denver et al. 2005) . Theory predicts that both the magnitude and speed of phenotypic change (including change in gene transcription level) in response to selection depend on the heritability of a trait (Falconer and Mackay 1996) . Because transcription profiles can be considered as reflecting variation at both phenotypic and genomic levels (Whitehead and Crawford 2006) , the synergy of methods that can detect the role of selection in shaping differences between populations at the phenotypic and genetic level may represent an efficient means to investigate evolutionary changes in gene transcription profiles. On the one hand, comparing the extent of quantitative genetic differences of phenotypic traits between populations (Q st ) (Spitze 1993) with that observed at neutral marker loci (F st ) has been widely used to assess the relative contributions of selection and drift to phenotypic divergence between populations (Merila and Crnokrak 2001; Koskinen et al. 2003) . Q st is defined as: 
where σ 2 GB and σ 2 GW represent the among and average within population components of the genetic variance for quantitative traits, respectively. There is no theoretical constraint for applying the Q st framework to gene transcription profiles (Gibson and Weir 2005 ). Yet, this has never been done to our knowledge. On the other hand, genome scans, which consist in analysing many (several hundreds to several thousands) molecular markers to reveal patterns of genetic differentiation at the genome scale, have become a popular means for identifying genes evolving under the effect of selection between populations. The underlying principle of this approach is that gene flow will affect all loci across the genome, whereas selection will act locally on specific genes (Luikart et al. 2003) . As a result, only a few loci will display an atypical pattern of variation caused by the influence of locus-specific forces (Storz 2005) . It is then possible to reveal these "outlier" loci by comparison with the rest of the genome. Namely, outlier genes showing the highest levels of differentiation between populations will represent those that are most likely to evolve under directional selection whereas those with the lowest level of differentiation are more likely to be under the effect of stabilising selection (Beaumont 2005) .
In this study, we propose and apply a "transcriptome scan" approach combining both the Q st and genome scan frameworks to investigate the role of selection in shaping differential profiles of gene transcription between populations. Recently diverging (six generations) subpopulations of Atlantic salmon (Salmo salar), which respectively reproduce in an upstream and downstream stretch of the Sainte-Marguerite River, Canada, were used as a model system. More precisely, a 16 006-gene cDNA microarray was used for comparing the genome-wide gene transcription data of the progeny from several half-sib families from these two subpopulations reared in a controlled environment. Using a quantitative genetic approach based on the animal model (Kruuk 2004), we estimated both gene transcription heritability and Q st for each gene represented and detected on the microarray. We then performed a "transcriptome scan" by which the distribution of individual Q st estimates for all genes with significant transcription profile h 2 was obtained and genes in the upper tail of the distribution identified as potentially under directional selection.
Genes with high transcription profile Q st estimates might not be genetically linked to the causal genetic sequence differences. Nevertheless, high transcription Q st estimates are expected to pinpoint the most likely genes for which transcription profiles evolved as a result of selection, and thus provide valuable information on the actual functions that have been targeted by selection.
MATERIALS AND METHODS
Habitat characteristics, sampling, and crossing design: The Sainte-Marguerite River (48°20'N, 70°00'W) is located 250 km northeast of Quebec City, Canada, and is subdivided into two main branches. The northeast branch is 85 km long, but access to salmon is limited to the lower 35 km by waterfalls and was limited to the lower 6.5 km until a fish ladder was installed at the level of a waterfall in 1981. In 1997, highly significant genetic differentiation at microsatellite loci (F st = 0.028 and 0.036 (two upstream sites), P < 0.0006) was revealed between salmon subpopulations from downstream and upstream of the fish ladder (Garant et al. 2000) Crosses should have yielded a total of 64 half sib families, but two families were lost in the first year and seven in the second, for a total of 55 families. Fertilised eggs were incubated in controlled conditions (identical for all families) and alevins were sampled at the yolk-sac resorption stage. Four individuals from each family were collected and immediately frozen in liquid nitrogen.
RNA extraction, labelling and cDNA hybridisation: Whole frozen alevins were homogenised individually in 1 ml TRIZOL@Reagent (Invitrogen) using a Diax 100 homogeniser (Heidolph instruments), and total RNA was extracted as previously described (Roberge et al. 2006) . Briefly, 200 µ l chloroform (Sigma) was added to each ml of fish homogenate in Trizol. After mixing and centrifuging (12 000 X g, 0°C, 15 min), the aqueous layers were transferred into new tubes where 1ml isopropanol (Sigma) was added. Samples were then stored overnight at -80°C. The following day, they were centrifuged for one hour (12 000 X g, 0°C) and the isopropanol discarded. The pellets were washed with 1 ml 70% ethanol, dried for 15 min at room temperature, re-suspended in 40µl non-DEPC, treated nuclease-free water (Ambion) and spiked with 1 were then hybridized to the bound cDNA on the microarray, using the same hybridisation solution as earlier: the 3DNA capture reagents bound to their complementary cDNA capture sequences on the oligo d(T) primers. This second hybridisation was carried out over 2 h at 51°C in a humidified hybridisation oven. The arrays were then washed and dried as mentioned before.
The design for the experimental microarray hybridisation differed for the two years. In 2003, we were mainly interested in assessing the functional genomic basis of sexual precocity (Roberge et al., unpublished data) , such that the progeny of one anadromous male and one precocious parr from the same subpopulation and sharing the same mother were always coupled on a same microarray, for a total of 24 microarrays and 48 offspring analysed. For 2004, one offspring from each the upstream and downstream subpopulation were always coupled on a same microarray, for a total of 21 microarrays and 42 offspring analysed. Thus, transcription profiles could be obtained for a total of 90 offspring representing 50 halfsib families.
Signal detection, data preparation and ANOVA: Hybridisation signals were detected using a ScanArray scanner (Packard BioScience). Spots were located and quantified with the QuantArray 3.0 software, using the histogram quantification method and keeping the mean value of intensity for each spot. Local background and the data from bad spots were removed. Missing data were then imputed using the K-nearest neighbours imputer in SAM (Tusher et al. 2001 ) (15 neighbours). Data were normalised by dividing by the channel mean. Genes with mean intensity smaller than the mean intensity of control empty spots plus twice its standard deviation in both channels were discarded, leaving data from a total of 6484 detected clones to be analysed.
Prepared data were corrected for intensity-linked distortion using a regional LOWESS algorithm using the R/MAANOVA package (http://www.jax.org/staff/churchill/labsite/software/Rmaanova). The significance of the observed differences in transcription level between subpopulations was assessed using the R/MAANOVA package (Kerr et al. 2000; Kerr et al. 2002) . The ANOVA model included the "site" (above or below the ladder), "sire type" (anadromous or precocious), "year" and "dye" terms as fixed terms. A permutation based F test (Fs, with 1000 sample ID permutations) was then performed, and restricted maximum likelihood was used to solve the mixed model equations. Best linear unbiased estimates (BLUE) of the "dye" effect were subtracted from the normalised data for each gene and dye; the obtained data were used to assess normality before to be fitted into an animal model for heritability and Q st estimation (see below).
Normality and uni/multimodality assessment: Normality is generally assumed in microarray data but rarely verified because of the small sample sizes typical in such experiments (Draghici 2003) . Here, we used an R script to obtain, for each of the 6484 detected cDNA clones, Pearson's correlation test P-values and R 2 between the observed Q-Q plot of the 90 gene transcription data points and that expected for a normal distribution, using the R program (version 2.3.0). A similar strategy was used by Giles and Kipling (Giles and Kipling 2003) as an alternative to the ShapiroWilk normality test, which they considered over-stringent. We also performed the Shapiro-Wilk normality test on the gene transcription data of each detected cDNA clone in R. Unimodality of gene transcription data was tested for each of the 6484 detected cDNA clones using an R script and the Diptest package (version 0.25-1). The Diptest package (Maecher and Ringach 2004) computes Hartigan's dip statistic for an empirical distribution, which is the maximum difference between this empirical distribution function and the unimodal distribution function that minimises that maximum difference; it is consistent for testing any unimodal against any multimodal distribution (Hartigan and Hartigan 1985) . Interpolating from the table of quantiles from a large simulation for Hartigan's Dip test (qDiptab) in the Diptest package for R, we found that a dip statistics of 0.054 corresponds to a tail probalility of 5% (for n = 90). Hence, we interpreted transcription profiles of genes with dip > 0.054 (P < 0.05) as showing significant departure from unimodality. 
where y is a vector of the transcription levels for a given gene (n = 90 individuals), X the design matrix relating the appropriate fixed effect ( and the group of all analysed cDNA clones was performed with EASE 2.0.
Transcriptome scan and neutrality test:
The "transcriptome scan" was performed by obtaining the distribution of individual transcription level Q st values for all detected cDNA clones corresponding to genes with significant transcriptional heritability and by identifying those in the upper (1.5%) tail of the distribution as those for which transcription was potentially under directional selection. Additionally, we performed Lande's neutrality test (Lande 1976 (Lande ,1977 Koskinen et al. 2002) on gene transcription data for all detected genes with significant transcriptional heritability. The null-hypothesis of evolution by random drift was tested as
. The numerator and denominator degrees of freedom are the number of populations compared minus one and infinity, respectively. Ne was estimated from previously published microsatellite data (Garant et al. 2000) using the NeEstimator software and the linkage desequilibrium method (Peel et al. 2004 ).
For both the Q st scan and neutrality test, we obtained more realistic results when considering only genes with significant heritability estimates. This criterion makes sense from a theoretical point- number of reports about the predominance of non-additive interactions at the transcriptome levels (Gibson et al. 2004 , Auger et al. 2005 ). Estimation of Q st for genes under non-additive control would not be valid since the Q st framework is based on the premise of additivity. Of course, such genes are also more likely to have low or non-significant heritability values. Hence, pre-selecting genes with significant transcriptional h 2 minimized the impacts of several problems and possible artefacts on our results and interpretations.
RESULTS

Hybridisation design:
The design for the experimental microarray hybridisation differed for the two sampling years. In 2003, we were mainly interested in assessing the functional genomic basis of sexual precocity (Roberge et al., unpublished data) , such that the progeny of one anadromous male and one precocious parr from the same subpopulation and sharing the same mother were always coupled on a same microarray, for a total of 24 microarrays and 48 offspring analysed.
For 2004, one offspring from each the upstream and downstream subpopulation were always coupled on a same microarray, for a total of 21 microarrays and 42 offspring analysed. Thus, transcription profiles were obtained for a total of 90 offspring representing 50 halfsib families.
Normality and uni/multi-modality assessment: Pearson's correlation tests between normalised gene transcription data and a normal distribution revealed a highly significant correlation to a normal distribution for all detected genes (the highest observed P-value being 1.57 X 10 -8 ), with
Pearson's determination coefficient generally very close to one (average 0.97, figure 1). Results from the Shapiro-Wilk test were less categorical: 10% of the genes showed a significant departure from normality, even when using a Bonferroni-corrected significance threshold of 7.7 X 10 -6 . The distributions of the transcription profiles for the three genes that showed the most significant departures from normality according to the Shapiro-Wilk test all included outlier data points (Suppl. Fig. 1 ), suggesting that the apparent departure from normality was the result of the test's high sensitivity to the presence of outliers. Fig.1 A shows the relationship between the log of the P-value from the Shapiro-Wilk test and Pearson's determination coefficients for all detected genes. While normality does not have to be assumed for performing the permutation-based ANOVA, it is assumed in the procedure we used for assessing genetic parameters.
However, restricted maximum likelihood estimators are robust to deviations from the assumption of normality (Kruuk 2004) , and therefore we believe that the observed departure from normality for a minority of genes (in the Shapiro-Wilk test only) should not significantly impact on our main conclusions. The distribution of the dip statistic from Hartigan's Dip test for the 6484 detected genes is presented in Fig.1 B. While the transcripts from the right tail of the distribution in Fig.1 B show expression patterns across all samples which suggest multi-modality (four examples are presented in Fig.1 C) , only 175 transcripts (including those presented in Fig.1 C) showed statistical evidence of multimodality (P < 0.05, dip > 0.054), while 324 (0.05 X 6484) could have been expected by chance alone. Thus, there was no strong evidence for the occurrence of bi-or multi-modality of transcription profiles in our data set. Transcriptional h 2 estimates for these varied between 0.121 and 0.996 , and averaged 0.409. A test conducted in EASE 2.0 revealed significant over-representation of genes in several gene ontology categories (9 with EASE-score < 1 X 10 -3 ) within the genes with significant transcriptional h 2 when compared to all genes on the microarray. Most of these categories were related to oxidative phosphorylation, including for instance primary active transporter activity (GO molecular function, EASE score = 1.6 X 10 -4 ) and hydrogen ion transporter activity (GO molecular function, EASE score = 7.3 X 10 -4 ).
Transcriptional Q st were only estimated for the 1044 cDNA clones corresponding to genes with significant transcriptional h 2 for reasons explained previously. Most of those genes had low transcriptional Q st estimates that are unlikely to differ from 0 (Fig.3) . The 1.5% upper outliers (16 cDNA clones) of this distribution (Table 1) are genes for which transcription levels are the most likely to have diverged between the two subpopulations as a result of directional selection.
Transcriptional Q st estimates for these outliers ranged from 0.07 (tartrate-resistant acid phosphatase type 5) to 0.19 ("unknown" gene), and averaged 0.11. The identity of ten of these outliers was unknown, meaning that they did not generate any BLAST hits with e-values less than 1 X 10 -15 and an informative name (for a detailed description of the array annotation process, see http://web.uvic.ca/cbr/grasp). The remaining six outlier cDNA clones represented genes with various functions (Table 1) . No functional group appeared significantly over-represented within these genes when compared to all genes represented on the microarray. It is noteworthy that all of these outliers were over-transcribed in the upstream sub-population (average = 29% overexpression relative to the downstream subpopulation). The over-transcription ranged from 16%
(unknown gene CB513854) to 46% (nucleolar RNA helicase II). Gene transcription h 2 among these genes ranged from 0.14 (transmembrane protein 14C ) to 0.44 (pterin-4-alphacarbinolamine dehydratase), and averaged 0.28. The inter-population component of additive genetic variance (σ 2 GB ) was significant for all 16 outliers (P < 0.05). We used significance of the σ 2 GB estimates to test for significance of Q st estimates since the permutation test on Q st estimates was prone to false positives (see methods).
Lande's test, which we also performed on all cDNA clones corresponding to the 1044 genes with significant transcriptional h 2 , provided evidence of non-neutral evolution for the gene transcription levels of 24 of these genes only, which nevertheless included 15 of the 16 genes identified by the Q st scan (Table 1) . The nine remaining genes were also all over-transcribed in the upstream sub-population. Five of these had no known function, while the remaining four were a salmonid toxin-like gene (toxin-1, CB493361), P0-like glycoprotein, myc-associated factor X and glutamyl-prolyl-tRNA synthetase.
ANOVA results on gene expression divergence between subpopulations:
In parallel to our quantitative genetic approach, we also tested the significance of gene transcription differences between subpopulations in a simpler linear model where the pedigree information was not considered, as usually done in other studies. The simulation-based ANOVA revealed highly significant (P < 0.0001) differences in gene transcription between the progeny of fish from the two sub-populations for 12 cDNA clones ( Table 2 ). The magnitude of the observed significant changes varied between a 30% under-transcription (thioredoxin-like protein p19 coding gene) to a 66% over-transcription (creatine kinase coding gene) in the upstream sub-population (average fold difference = 33%). Genes that differed significantly in expression between the two subpopulations were involved in several molecular and biological functions, including energy metabolism and transcription (Table 2) . Moreover, a test conducted in EASE 2.0 revealed a highly significant (EASE-score = 8.14 X 10 -3 ) over-representation of genes of the immune response gene ontology category (biological process) among the genes significantly differentially transcribed at P < 0.005 when compared to all genes represented on the microarray. Notably, four different clones representing major histocompatibility class II-associated invariant chains showed consistent under-transcription (average 17%) in the progeny of the upstream sub-population. A nuclease sensitive element binding protein 1 (Y-box-binding protein 1) coding gene was also significantly under-transcribed in the upstream sub-population. It is noteworthy that this gene was originally identified as coding for a DNA-binding protein that regulates MHC class II genes (Didier et al. 1988 ).
DISCUSSION
Here, we applied a "transcriptome scan" approach combining both the Q st and genome scan frameworks to investigate the role of selection in shaping differential profiles of gene transcription between recently diverging (six generations) subpopulations of Atlantic salmon.
The additive genetic basis of gene transcription was estimated for genes corresponding to all detected cDNA clones (6484) shows that the transcriptome scan approach can be used to identify genes which transcription profiles are likely to have evolved as a result of directional selection, even at small temporal and spatial scales.
Gene transcription normality and multimodality: When assessing the genetic parameters of gene transcription profiles taken as phenotypic traits, the question of the normality of the data becomes more than a mere to-use-or-not-to-use-parametric-statistics concern: it may reflect either the qualitative or quantitative nature of the traits. Hence, Gibson and Weir (2005) noted that in expression QTL mapping studies, eQTLs accounting for 25%-50% of transcriptional variation prevail. They suggested that since major-effect eQTLs are common, gene transcription data should often depart from a normal distribution and exhibit bi-or multi-modal distributions, which would make the genetic structure of gene transcription profiles more akin to qualitative than to quantitative phenotypic traits. Yet, very few studies have tested the normality of gene transcription data on a gene per gene basis (but see Giles and Kipling 2003) and to our knowledge, none have examined the modality of such data. Here, we observed strong and highly significant correlations between gene transcription data and the normal distribution, and that for all detected genes (cDNA clones with low intensity signal were filtered prior to this analysis).
However, results from the Shapiro-Wilk test suggest that the transcription data of 10% of the detected genes departed significantly from normality. The Shapiro-Wilk test appears very sensitive to outliers (Fig S1) , which might increase the number of false positives. Moreover, Giles and Kipling (2003) argued that even with small sample sizes, the Shapiro-Wilk normality test has the power to detect very slight departures from normality and score them as significant.
We also tested the evidence of uni versus bi-or multi-modality in the gene transcription data distributions of each of the 6484 detected cDNA clone. We found little evidence for bi-or multimodality since only 175 clones showed significant departure from unimodality while 324 were expected by chance alone. Yet, we cannot rule out the possibility that some of these 175 clones represent true positives (genes with bi-or multi-modal transcription level distribution, Fig 1C) . In summary, there was little evidence of significant departure from normality in transcription profiles, with the vast majority of the genes showing unimodal distribution. This suggests that most transcription profiles behaved as quantitative rather than qualitative traits in this system.
Hence, the high prevalence of major effect eQTL in eQTL mapping studies (Gibson and Weir 2005) may correspond more to a detection bias towards major effect eQTL than to a biological fact. However, of the minority of transcripts showing significant departure from either normality or unimodality (Fig 1C) , some might yet correspond to genes which transcription depends on major effect eQTLs.
Gene transcription heritability:
Only a handful of studies have formally estimated the genomewide heritability of gene transcription profiles, and these concerned only model species (mice: Schadt et al. 2003; Chesler et al. 2005; Cui et al. 2006 , human: Monks et al. 2004 , yeast:Brem et al. 2002 . Results were quite diverse as the median h 2 among genes with significantly heritable transcription profiles ranged from 0.11 (Chesler et al. 2005) to 0.84 (Brem et al. 2002) , whereas the average h 2 among genes with significantly heritable transcription profiles in the present study was of 0.41. When indicated, the proportion of genes with significant gene transcription h 2 in previous studies was around 30% (Schadt et al. 2003; Monks et al. 2004) , while it was 16% here.
This proportion varies with the statistical power to detect truly significant h 2 and is therefore not formally comparable between studies. Neither are the average or median gene transcription h 2 among genes with significant transcriptional h 2 , since they are likely to be inflated when the power to detect small h 2 estimates as significant is low. Heritability estimation is also highly model-dependant. To illustrate this point, we re-analysed the same data with a different animal model that did not take into account the sampling year and maternal effects (Fig S2) . The proportion of h 2 estimates detected as significant rose to 39% (2543), which shows the importance of choosing an appropriate model (accounting, notably, for maternal effects) to reduce biases in estimating h 2 (Kruuk 2004).
Here, the statistical power to detect significant transcriptional h 2 was relatively low given the low genetic variance for gene expression in our system. Hence, the crosses we used were performed among genitors of a same subpopulation (one of two small subpopulations). Clearly, then, the additive genetic and phenotypic variances cannot be expected to be as high here as in systems where crosses were performed between genitors of different strains or populations. This low power likely caused the average h 2 estimates among genes with significant transcription heritability to be higher than in some previous studies assessing gene transcription h 2 (Monks et al. 2004; Chesler et al. 2005) . Higher average h 2 estimates may also reflect genuine differences between species (salmon, mouse and human) or result from the different statistical models used.
Though our sample size was small compared to those commonly used when quantifying heritability for "classical" phenotypic traits, it still ranks among the highest used to date in any study that investigated transcriptional heritability.
While the 1044 genes with significant gene transcription h 2 do not necessarily represent genes for which directional selection was evidenced in this study, they likely represent genes for which levels of transcription have a high potential to respond to selection. Functional analysis showed significant over-representation of genes categories related to oxidative phosphorylation among this group of genes when compared to all genes represented on the chip. These categories were not significantly over-represented in the list of genes that showed significant differences in gene transcription between subpopulations (based on ANOVA), nor among the trancriptional Q st distribution upper outliers. This might suggest that genes from this basic pathway, though their transcription profiles often appear heritable, were not particularly involved in the recent phenotypic divergence between the salmon sub-populations we studied.
Q st estimates and transcriptome scan:
As illustrated from the distribution of transcription profiles Q st (Fig 3) , transcriptional Q st were virtually null for the great majority of the genes tested. While Q st were expected to be low given that divergence between the two subpopulations under study has only been possible since 1981
(about six generations), transcription level Q st for 97% of the genes with significant transcriptional h 2 were under (in some cases by orders of magnitude) the F st values (average = 3.2%) estimated in a previous study based on neutral markers (Garant et al. 2000) . This observation is consistent with the results of recent studies (Rifkin et al. 2005; Denver et al. 2005) in which the authors concluded that transcription profiles of a large proportion of all genes appear to be under the effect of stabilizing selection in natural systems. However, Beaumont and Balding (2004) recently used a simulation-based approach to show that current statistical methods could not accurately identify loci under balancing or stabilising selection in a genome scan framework, especially when populations are weakly differentiated. Yet, results from Lande's neutrality test suggest that for 1020 (97.7%) of the genes tested, neutral evolution of gene transcription profiles cannot be rejected. An alternative explanation for the high number of very small Q st estimates in this study could be the lack of genetic variance for gene transcription profiles (Merila and Crnokrak 2001), as discussed above.
Conversely, by targeting genes in the upper outliers of the transcriptional Q st distribution, the "transcriptome scan" approach identified 16 cDNA clones (Table 1) representing the most likely genes for which transcription levels may have diverged between the two subpopulations as a result of directional selection in two contrasting habitats. Additional evidence for the role of selection in driving transcriptional divergence for 15 of those 16 genes (plus 9 others) comes from the results of Lande's neutrality test (table 1) . Transcriptional Q st estimates for these genes were high (0.07-0.19, mean = 0.11), given the short time frame in which divergence is likely to have occurred between the two sub-populations. Transcriptional Q st estimates for these genes were also all above the F st estimated between them using neutral markers. It is noteworthy that 62% of the genes identified as outliers have no known function, which suggests that selection acted on unpredictable targets. The other candidate genes identified with the transcriptome scan represented various functional groups (Table 1) . Moreover, the differential transcription of some of these genes could potentially affect gene expression of other genes at different levels. Hence, the nucleolar RNA helicase II is a multifunctional protein that is notably implicated in rRNA biosynthesis and in the regulation of c-Jun-mediated gene expression (Yang et al. 2005) . Pterin-4-alpha-carbinolamine dehydratase, apart from its role in tetrahydrobiopterin biosynthesis, is also known as a dimerisation factor of the hepatocyte nuclear factor (HNF) 1 α , one of the master regulators of hepatocyte and pancreatic islets transcription (Resibois et al. 1999) .
Between subpopulations ANOVA and comparison with the results of the transcriptome scan and gene transcription heritability:
The between sub-populations ANOVA identified 12 cDNA clones corresponding to genes for which the transcription level diverged between subpopulations, albeit apparently not necessarily through the effect of selection (Table 2) . Except for a nucleolar RNA helicase II-coding gene, none of these genes overlapped with outliers identified by the transcriptome scan approach and the null hypothesis of neutral evolution could not be rejected for any of them by Lande's test. Namely, these differences could be the result of six generations of phenotypic divergence in different parts of the Sainte-Marguerite River caused by genetic drift. Yet they still represent genes that potentially affect differentially several physiological functions between the two sub-populations. Of particular interest is the gene coding for nucleolar RNA helicase II , which was both significantly differently transcribed under a conservative significance threshold and exhibited substantial genetic variance in gene transcription between relative to within subpopulation (Table 1 and 2).
The fact that except for one gene, there was no overlap between the results of the transcriptome scan and those of the ANOVA may seem paradoxal and therefore deserves explanations. First, the absence of most of the transcriptome scan candidate genes from the list of genes showing significant transcription differences between subpopulations (Table 2) is largely explained by the stringency of the significance threshold chosen for the ANOVA. Had we raised this threshold to 0.05, differences in transcription for most genes in table 1 would have been significant in the ANOVA analysis. Moreover, heritability estimates for eight of the genes harbouring the most significant differences in gene transcription between subpopulations were not significant. Hence, these were not considered in the Q st analysis and could therefore not be detected as outliers in the transcriptome scan. With the exception of nucleolar RNA helicase II, the remaining genes in table 2 (Y-box transcription factor, invariant chain INVX and invariant chain S25-7) had significant gene transcription h 2 and showed highly significantly different expression profiles between subpopulations. Yet, they had small transcriptional Q st and hence were not identified as outliers in the transcriptome scan. We propose two interpretations for this result. Either the transcription profiles of these genes evolved neutrally between subpopulations (e.g. by genetic drift, which might be supported by the results of Lande's test) or they evolved as a consequence of selection but their transcription levels have a non-additive genetic basis. Indeed, recent studies have provided clear evidence that a non-additive genetic basis for gene transcription is common (Gibson et al. 2004; Auger et al. 2005; Roberge et al. In press) . Here, a possible example of the latter case may be given by genes related to the major histocompatibility complex (MHC), three of which had significant transcription levels h 2 but very low estimated Q st . Interestingly (Table 1 , average fold-change: 29%). This was however not observed for the genes that showed significant transcription differences between the two subpopulations in the ANOVA (Table 2) , in which a similar number of genes were over-and under-transcribed for a given subpopulation. This raises the hypothesis that selection may have favoured enhanced general metabolism and gene transcription in the upstream subpopulation, which is also characterized by higher growth rate and smaller size threshold at precocious sexual maturation, resulting in a higher proportion of sexually precocious parr relative to the downstream subpopulation (Aubin-Horth et al. 2006) . Gene over-expression associated with higher metabolic demands have been observed in other salmonids. For instance, in a study on the transcriptomics of population divergence involving dwarf and normal whitefish species pairs (Coregonus sp.), Derome et al. (2006) observed that higher swimming activity in the dwarf whitefish was consistently associated with over-expression of genes involved in muscle contraction as well as energy metabolism.
No correlation was observed between the P-values from the ANOVA comparing the subpopulations, the estimated gene transcription h 2 and the transcriptional Q st estimate for the 1044 genes with significant gene transcription h 2 (Fig. 4) , nor for all detected genes (not shown). Distribution of heritability estimates of the normalized transcription profiles for the 6484 cDNA clones corresponding to genes which expression was detected using a linear model in which sampling year and first degree maternal effects were not accounted for.
